This is the first concrete investigation of emotion recognition capability or affective computing using a low-cost, open source electroencephalography (EEG) amplifier called OpenBCI. The most important aspect for this kind of study is effective emotional elicitation. According to state-of-the-art related works, movie clips are widely used for visual-audio emotional elicitation. Here, two-hundred healthy people of various age ranges participated in an experiment for effective clip selection. Typical self-assessment, affective tags and unsupervised learning (k-mean clustering method) were incorporated to select the top 60 effective clips from 120 candidates. A further 43 participants gathered for an emotional EEG using Open-BCI and peripheral physiological signals using a real-time bracelet sensor while watching the selected clips. To evaluate the performance of OpenBCI toward emotion-related applications, the data on binary classification tasks was analyzed to predict whether elicited EEG has a high or low level of valence/arousal. As in the previous study on emotional EEG datasets, power spectral densities were extracted as the input features for a basic machine learning classifier; the support vector machine. The experimental results for the proposed datasets or EDOSE outperformed those from the state-of-the-art EEG datasets in a study of affective computing, namely DEAP, MAHNOB-HCI, DECAF and DREAMER. Finally, the EDOSE dataset can assist the researcher (upon request) in various fields such as affective computing, human neuroscience, neuromarketing, mental health, etc.
low-cost, open source electroencephalography (EEG) amplifier from OpenBCI Inc. is one great example of a game changing device [1] . Researchers and individual investigators can now study human brain activities on a budget of USD1,000-2,000. Emotion recognition from EEG is a challenging concept in human behavioral research which tries to predict or classify human mental responses from an external stimulus. Several feasible applications of emotion recognition are used to measure the quality of experience (QoE) from multimedia perception [2] , mental health assessment such as for depression [3] and human computer interaction.
In 1980, Russel proposed valence-arousal (VA) scores as a standard qualitative measurement for affective or emotionrelated studies [4] . The Self-Assessment Manikin (SAM) is advantageous for VA scores in the evaluation of emotion responses [5] . The valence score measures feelings ranging from negativity (e.g. unpleasantness, sadness, stress) to positivity (e.g. pleasantness, happiness, elation). The arousal score measures feelings ranging from inactivity (e.g. boredom, disinterest) to activity (e.g. excitement, alertness) [6] , [7] . DEAP [6] , MAHNOB-HCI [8] , DREAMER [7] and SEED [9] are well-known emotion datasets which mainly include EEG (brain wave), electrodermal activity (EDA) and heart rate variability (HRV) responses from emotion-elicited VDO clips. EDA and HRV are peripheral physiological signals to EEG which are strongly related to the sympathetic nervous system. The sympathetic system is usually activated by emotional induction.
According to the existing emotional datasets, the uniqueness of each can be summarized into two major perspective views. Firstly, the methods of video clip based stimulus selection are shown in Table I . All datasets use the affective related qualitative measures. However, in this study, the selected clips containing in the proposed datasets, namely EDOSE, came from the largest number of participants (the largest population) which was about four times greater than the other datasets. Using affective tags and qualitative scoring with the k-mean algorithm, 60 potential clips were finally selected from 120 clip candidates for EDOSE. Secondly, the practicality of emotional EEG based-applications is mainly considered as presented in Table II . For EDOSE, the OpenBCI-EEG amplifier was used since it is portable, open source, low cost, and has a small number of electrodes (more user-friendly) [1] . On the other hand, EEG datasets from DEAP, MAHNOB-HCI and SEED were based on high-end amplifiers. Although DREAMER is a low-cost device, it is not open source and has Even if the EEG data in EDOSE was obtained from low sampling frequency and a small number of electrodes, it outperformed DEAP, MAHNOB-HCI and DREAMER in conventional classification tasks in valence and arousal using a similar algorithm. The algorithm involves simple feature extraction, such as power spectral density (PSD), with a classifier constructed from a support vector machine (SVM). In contrast to DREAMER, EDOSE not only contains EEG data but also sympathetic data from a real-time bracelet sensor named Empatica4 or E4 [10] . E4 data contains EDA, skin temperature and blood volume pulse (BVP) including their derivatives (heart rate, inter-beat interval, etc.), all of which are indirect measures of sympathetic nervousness. In this paper, EDOSE is proposed as the first open access emotional-induced EEG database from a low-cost, open source EEG amplifier: OpenBCI. EDOSE can facilitate the researcher (upon request) in various fields such as affective computing, human neuroscience, neuromarketing, mental health, etc. We are currently working on a smart living research studio for predictive health care and EDOSE (emotion/mental health) data is also part of the study, see Figure 1 .
The remainder of this paper includes the methodology used in two experiments in Section II. Section III presents the data analysis on emotion recognition, with the results and discussion reported and explained in sections IV and V, respectively. Finally, section VI summarizes the paper.
II. METHODOLOGY
This section begins with an experiment (Experiment I) to select the effective film trailers for emotional elicitation. The selected trailers are then used to elicit human moods. Finally, EEG and peripheral physiological signals are recorded and analyzed as described in Experiment II. The experiments follow the Helsinki Declaration of 1975 (as revised in 2000), approved by the internal review board of the Chiangmai University Thailand. 
A. Experiment I: Elicited Video Selection
Film trailers are among the affective tags labeled by the Internet Movie Database (IMDb), in which drama (happiness), comedy, romance, action, sci-fi, horror and mystery are main categories. These are simply defined in this paper as three genres: Happiness, Excitement and Fear, respectively. Five participants randomly picked 40 famous film trailers per genre, resulting in 120 trailer clips in total (sound tracks with subtitles). Afterward, the 120 clips were randomly split into four groups of 30 clips each. Then, 200 participants (n = 200), of almost equal numbers of males and females, ranging from 15-22 years old, watched at least one out of the four groups. To deal with the different trailer durations, the last minute of each clip was selected for the experiment. Finally, each participant evaluated his/her emotions through the qualitative measure, of scoring for Valence (V), Arousal (A), Happiness (H), Fear (F) and Excitement (E) (qualitative measures on a continuous scale of 1-9) after each clip had finished playing ( Figure 2 ).
In an analysis of the qualitative data evaluated by a group of sample participants, the k-means clustering method was used [12] , with H, F and E scores as the features to find three extremely different emotional elicitations (no. of clusters or k = 3). As a consequence of the clustering, 20 clips were selected from each cluster closest to the centroids for further use in Experiment II. Thus, 60 emotional elicited clips were selected in total.
Due to the same clips being scored by different participants, the k-mean outputs from the same clips may not be classified into the same clusters. This presented a problem in the calculation of average euclidean distances from the outputs to the centroids of the clusters. To overcome this issue, a majority cluster (mode value) of each clip was obtained and the k-mean outputs then filtered out from the same clips which did not fall into the majority cluster. Finally, the average euclidean distances were calculated from the rest outputs of each clip to the centroid of its cluster. In this way, the first 20 clips closest to the centroids of each cluster could be ranked for the following experiment. The participants of this study consisted of 43 healthy people aged between 16 and 34 (n = 43, male = 21, female = 22). They were asked to wear only two devices, OpenBCI (EEG) and Empatica4 (E4). Figure 3 shows the experimental setups. To cover brain wave information across the scalp, an eight-channel EEG electrode montage was selected (Fp1, Fp2, Fz, Cz, T3, T4, Pz and Oz) with reference and ground on both mastoids. This montage is a subset of the international standard 10-20 system for EEG electrode placement. For a bracelet sensor or E4, multiple sensors were equipped, including electrodermal activity (EDA), skin temperature (Temp) and blood volume pulse (BVP) with their derivatives (heart rate, inter-beat interval, etc.). The participants wore E4 like a watch, although there were extension cables with gel-electrodes attached (the Kendall Foam Electrodes) to measure EDA at the middle knuckle of the index and middle fingers. Both devices recorded simultaneously. During the experiment, participants were asked to place their chin on the designated chin rest, and move as little as possible, in order to prevent artifact interference.
2) Experimental Protocol: We developed software to present the emotion stimulus clips and record EEG with peripheral physiological signals from the wearable devices as shown in Figure 4 . The first page of the program consists of a survey to collect relevant information from the participants (age, gender, hours of sleep, level of tiredness and favorite movie genre). As in Experiment I, the video clips for the participants were randomly selected into forty three groups with fifteen clips each. Each group consisted of nine identical clips including three per cluster (the top three clips from each cluster as explained in Experiment I). The remaining six clips were selected randomly; two per cluster. Following each clip, participants completed a survey (scroll bars) to evaluate their emotions, including: V, A, H, F and E (on a continuous scale of 1-9).
III. DATA ANALYSIS
In this section, the data is analyzed according to Valence (V), Arousal (A), Happiness (H), Fear (F) and Excitement (E) classification (binary tasks, low-high) using data from OpenBCI and E4. Furthermore, the related EEG related factors (electrode channels, frequency bands) are studied to assist in future applications such as the development of a practical system for emotion recognition.
A. Feature Extraction
In order to obtain stability and specific emotional responses from the EEG and peripheral physiological signals, the program started recording signals after the stimulus clip had been played for two seconds. In order to avoid filtering artifacts, two seconds of recorded signals were removed before the end of the clip. In total, there were 56 seconds of signals for each elicited clip. Typical EEG-preprocessing was incorporated, including common average reference (CAR) to find the reference signal for all electrode channels, and independent component analysis (ICA) used to remove artifact components. Even if there was no electrooculography (EOG) in the experiments, ICA components were removed upon inspection by the expert. Both CAR and ICA were implemented using the MNE-python package [13] . Conventional feature extraction, as shown Table III, was incorporated into the recorded data, including EEG, EDA, BVP and Temp. These features were based on the previous works [6] [7] [8] , as the baseline for comparison with the results of this study. with one clip as a single sample. Hence, there were 645 (43 participants × 15 clips) samples in total. We labeled each sample using self-emotional assessment scores (V, A, H, F and E). Due to binary classification purpose, we manually set the threshold of each scores to be 5 (from scores range 1-9). For example, samples with H scores lower than 5 were labeled as low H and high H vice versa. Here, we had six binary classification tasks which were low-high of V, A, H, F and E. Table III shows the set of input features for the SVM with a linear kernel classifier in all tasks. We incorporated gridsearchcv to achieve an optimal set of SVM parameters. A leave-one-clip-out cross-validation was performed on these experiments. Since only nine out of 15 clips were watched by all participants, nine-fold cross-validation was conducted. In each fold, one common clip was selected as a test sample and the others were training samples.
2) binary classification tasks with labeling by k-mean clustering: Using the same population as in the previous subsection, k-mean clustering was conducted using their V and A scores. According to four combinations of V and A models in a conventional emotion-related study (low (L) or high (H) V and A scores), the number of clusters or k-mean was set to four (LVLA, LVHA, HVLA, LVHA). Figure 6 shows the results of k-mean clustering. The samples in each cluster were then labeled following their own clusters, either low or high V and A. The classification tasks were conducted as in the previous subsection except we interested only V and A classification tasks. Here, the same clip may not have an identical label, so nine-fold cross-validation was performed based on samples instead of leaving-one-clip-out.
EEG electrode channels: In this study, the electrode setups were explored for the future hardware design of a user-friendly EEG device with the capability for emotion recognition. Here, three or four out of eight electrode channels were strategically selected as mentioned in Section II, B. The process began by studying the middle line of the human scalp (F z , C z , P z O z ). Another eight sets of channels were then created for the study
. These were taken from a combination of either the temporal lobe or frontal lobe and one channel from the middle line. Binary classification tasks (low-high V and A) were subsequently performed as in the previous experiments and the results compared among the sets of channels.
EEG frequency bands: The aim of this study is to find important frequency bands for EEG signals. From four basic frequency band signals, θ (3-7 [Hz]), α (8-13 [Hz]), β (14-29 [Hz]) and γ (30-47 [Hz]), the following combinations of interested frequencies were created: (θ, α), (θ, β), (θ, γ), (α, β), (α, γ), (β, γ), (θ, α, β), (θ, α, γ), (θ, β, γ), (α, β, γ). Finally, binary task classification (low-high V and A) was performed as in the previous experiments and the results subsequently compared among the sets of frequency bands.
IV. RESULTS
Here, the results are sequentially organized according to the experiments. K-mean clustering results for the stimulus clip selection were performed step-by-step to gather the most effective clips for EEG and peripheral physiological signals in the experiments. Finally, the gathered datasets were analyzed using a simple machine learning algorithm and the results compared to the previous related datasets for applications of affective computing.
A. Elicited Video Selection
Qualitative results, Happiness (H), Fear (F) and Excitement (E) scores from all participants on every candidate clip, were scattered on three dimensional spaces (H, F, E), as shown in Figure 5 (a). In Figure 5 (b), all scattered points (samples) were labeled (colorized) according to three output clusters using the k-mean method. As explained in Section II: Experiment I, the qualitative results or scattered points were removed from a clip not labeled the same as the majority of labels in that clip. Thus, the scatter points of each cluster were subsequently obtained as shown in Figure 5 (c) . Finally, only 20 points in each cluster (60 clips in total) were retained to give the nearest distances to the centroids for emotional stimulation in Experiment II, Figure 5 (d) . Here, we hypothesized that the selected clips (Table IV) using the proposed unsupervised learning were the most effective for emotional elicitation.
B. Binary Classification Tasks with Labeling by Simple Thresholding
In these tasks, ground truth labels were created using selfemotional assessment scores (V, A, H, F and E) empirically setting the threshold at five. Scores higher than the threshold were assigned to the high level class and vice versa for scores lower than the threshold. The input features extracted from [7] 0.6237 0.6237 0.5305 0.5798 DREAMER (Fusion) [7] 0.6184 0.6232 0.5213 0.5750 DEAP (EEG) [6] 0.5760 0.6200 0.5630 0.5830 DEAP (Peripheral) [6] 0.6270 0.5700 0.6080 0.5330 MAHNOB-HCI (EEG) [8] 0.5700 0.5240 0.5600 0.4200 MAHNOB-HCI (Peripheral) [8] 0.4550 0.4620 0.3900 0.3800 DECAF (MEG) [14] 0.5900 0.6200 0.5500 0.5800 DECAF (Peripheral) [14] 0.6000 0.5500 0.5900 0.5400
Numbers at class ratio row are class ratios [low : high].
Bold indicates the best results for all datasets. 
C. Binary Classification Tasks with Labeling by k-mean Clustering
As shown in Table IV , V and A scores were widely distributed as their large standard deviation values. If the population is larger, its standard deviation value might be Bold indicates the best results for our proposed datasets.
higher. Hence, the fixed threshold is not suitable. To solve this problem, k-mean clustering was proposed for labeling low-high levels of V and A, and binary classification tasks subsequently performed. Figure 6 shows the results following completion of k-mean clustering. We empirically labeled according to the VA model [4] , with the Blue and Red group for low-A (LA), and the Green and Yellow group for high-A (HA). In terms of valence, the Red and Green group was selected for low-V (LV), and the Blue and Yellow group for high H (HV). Table VI presents the mean accuracy and mean nine-fold F1 scores. The condition with Fusion of EEG and E4 as the input features reached mean accuracy at 67.18% and at 70.54% for V and A, respectively. In terms of F1 score, Fusion features provided the best results for V and A (0.6369 and 0.6403, respectively). One-way repeated measures ANOVA revealed significant differences in the classification of V (F(2, 16) = 26.871, p < 0.05) and A (F(2, 16) = 104.430, p < 0.05) (low-high) levels. Pairwise comparison was performed, indicating that E4 (A: 0.377 ± 0.017, V: 0.456± 0.026) was significantly worse than both EEG (A: 0.611 ± 0.029, V: 0.619 ± 0.024) and Fusion (A: 0.637± 0.026, V: 0.640 ± 0.015) in terms of F1 Score, p < 0.05. Table VI also reports the V and A classification results from DREAMER [7] , DEAP [6] , MAHNOB-HCI [8] and DECAF [14] datasets using the same feature extraction and classification methods.
The results from channel selection are presented in Table VII for the mean accuracy and mean F1 nine-fold scores. In the low-high classification task for V, the condition with EEG channels from T 3 , T 4 , F z as the input features reached mean accuracy at 68.13% and the mean F1-score at 0.6421. However, for A, the mean accuracy reached 68.83% and the mean F1-score reached 0.5524 using F z , C z , P z , O z . Finally, the results from varying EEG frequency bands as shown in Table VIII , present the mean accuracy and mean nine-fold F1 scores. Classification accuracy for V and A reached 62.02% and 67.18% using EEG features from α, β and γ bands. In terms of F1 score, the accuracy results were similar. The features from α, β and γ bands provided the best results in V and A classification tasks (0.5875 and 0.5693, respectively).
V. DISCUSSION
We aim to discuss all the academic merits of this work for scientific purposes. One of the most important aspects of gathering an affective EEG with peripheral physiological signals is the use of an elicited emotion method. State-ofthe-art works and the datasets in this study are based on audio-visual stimulation or movie clips. The strong point in this paper compared to previous works is that it involves a conservative clip selection from 200 participants of various ages (15) (16) (17) (18) (19) (20) (21) (22) year olds) as shown in Table I . K-mean clustering is proposed as the method for ranking candidate clips. Finally, a list of effective clips is constructed for affective computing studies as shown in Table IV . These are all open to the public via YouTube, making it easy to use them for extended study.
Another strong point is an evaluation of the binary classification task for low-high levels of valence and arousal. In previous research, the threshold is empirically set on the selfemotional assessment scores for ground truth labeling [6] [7] [8] , [14] . However, the list of selected clips in Table IV presents high standard deviations in the scores from the self-assessment. In a high population, simple thresholding might not work well since low or high levels of valence and arousal from different people are likely to vary. Thus, a simple mathematical based algorithm; k-mean clustering, is proposed for labeling the ground truth instead. As reported in Table VI ,no statistical difference was found between two methods of ground truth labeling. Hence, labeling by k-mean clustering might work well in future work with a larger population or number of participants. Moreover, the proposed datasets or EDOSE outperformed the state-of-the-art datasets (both in accuracy and F Score) as shown in Table VI , including one involving magnetoencephalography (MEG) which is a functional brain mapping method (much more expensive than EEG). Table VII and Table VIII show the results of the study of EEG factors, involving electrode channel selection for the future development of user-friendly devices for emotion recognition and frequency selection to obtain more effective EEG frequency bands as classification features, respectively. According to the aforementioned tables, T 3 , T 4 , F z achieved the best results for valence classification both in terms of accuracy and F1 score, while the middle line (F z , C z , P z , O z ) was promising for further improvement of an emotion recognition algorithm in both valence and arousal for lowhigh classification. Taking both results together, either T 3 , T 4 , F z and F z , C z , P z , O z with all EEG frequency bands as input features is the best path for developing practical, usable lowcost devices for mental state recognition, especially concerning valence and arousal.
Finally, EDOSE is the first affective or emotion dataset involving a low-cost, open source device (OpenBCI). In comparison to the high-end EEG amplifier with a greater number of electrodes and sampling frequencies, OpenBCI demonstrates the capability to perform emotion recognition tasks. A low-cost, open source device is a game changer for encouraging developers or researchers to improve emotion recognition or classification algorithms with EDOSE. Then they can step further for online applications because the device is inexpensive so many people can afford to have it. From the academic viewpoint, the deep learning algorithm can be developed to attack the classification issue using EDOSE for training and testing data. There are two related works on deep learning with EEG in our group which can be adapted and incorporated into EDOSE datasets for further development of related engineering applications [15] , [16] . Moreover, emotion recognition using peripheral physiological data from a realtime bracelet sensor or E4 remains a challenge. The E4 is a simple wearable device and resembles a watch so is very useful as a long-term affective state or mental health monitoring system. E4 data is also included in the EDOSE dataset.
VI. CONCLUSION
In summary, the researchers introduced the EDOSE dataset, along with the related experimental procedures. The dataset includes EEG and peripheral physiological signals from 43 participants while watching the elicited trailer clips. Subsequently, the participants self-assessment emotional scores were measured according to the scales of valence, arousal, happiness, fear, and excitement. Here, the researchers aimed to propose capabilities using a low-cost, open source EEG amplifier with sparse electrode channels for emotion recognition. To evaluate EDOSE, binary classification tasks (low-high valence or arousal) were conducted. The k-mean clustering algorithm was also applied to create ground truth labels from low and high clusters for both valence and arousal. On the other hand, previous works performed labeling by empirical thresholding. The results outperformed state-of-the-art studies. After publication of this paper, EDOSE will be available (upon requests) to other researchers for further development and studies in various fields.
